Abstract-This article presents an EMG-to-moment optimization model suitable for clinical studies to estimate the contribution of agonist and antagonist muscle groups to the net ankle joint moment during dynamic and isometric tasks. The proposed EMG-to-moment model took into account realistic muscle properties such as the electromechanical delay, and a force-length-velocity relationship with subjectspecific muscle anthropometric data. Subjects performed isometric ankle plantar-flexion (fixed-end contraction) and dynamic tasks (heel-raise) in two positions, seated and upright. Two models were compared: the proposed EMGto-moment model calibrated on eight dynamic and isometric tasks (Model 8-tasks) and on two dynamic tasks (Model 2-tasks), and a published reference model. First, each model was calibrated at the ankle joint on 10 subjects by adjusting individual set of parameters to estimate the muscle groups contributions. Then, the model was used to predict the ankle net joint moment. The model developed in this study showed good prediction. The Model 8-tasks predicted net joint moment with an average RMS error of 6.11 ± 4.41 N m and a mean R 2 of 0.67 ± 0.26 across dynamic and isometric tasks. The proposed EMG-to-moment model was simple and required few calibration tasks without oversimplifying muscle properties, satisfying requirements for clinical settings.
INTRODUCTION
The estimation of muscle forces and moments could help clinicians to investigate and treat musculoskeletal disorders. 5, 9, 38 However, measurements of in vivo muscle forces are invasive and limited to superficial structures such as Achilles' tendon. 11 From a mechanical point of view, inverse dynamics only allows one to estimate the resultant action of all the muscles crossing a joint. However, due to the presence of muscular redundancy, an assessment of the contribution of each muscle or muscle group to the net joint moment is difficult. This makes the development of approaches to estimate muscle forces that are simple enough to be readily used in a clinical setting of a difficult task. The co-contraction level computed from the contribution of the agonist and antagonist muscle groups to the net joint moment provides useful information for clinicians to study adaptive changes in motor strategies with musculoskeletal disorders. For example, the presence of adaptive changes in motor strategies has been shown for patients with an anterior cruciate ligament deficiency. This increase in co-contraction level was associated with an active joint stabilization to compensate for the loss of passive stability. 9 The co-contraction level could be used to evaluate clinical interventions and functional recovery during rehabilitation program.
The magnitude of the moment exerted by a muscle at a joint results from both the moment-arm and the muscle force. The moment arm of the muscle-tendon complex changes as a non-linear function of the joint angle. 22 The muscle force generated by the contractile elements in the muscle depends on the length and velocity of the muscle fibers through non-linear relationships. 13, 16 This muscle force is transmitted to bones via tendinous tissues (tendons and aponeurosis) and is influenced by the mechanical properties of these elements in series. 35 The muscle force also depends on the level of activation with a temporal phase shift due to the electromechanical delay (EMD) between the activation and effective force production. Experimentally, this level of activation can be estimated using electromyographic (EMG) data. 28 Because of these factors, the estimation of the muscle moment from EMG data is very non-linear and thus not trivial. Hence, the preceding factors justify the development of an EMGto-moment model, as the co-activation itself may give erroneous information on muscle groups influences.
To estimate the muscular contributions to joint moments from EMG data, the steps outlined above (from muscle activation to moment production) need to be taken into account. Rao et al. 32 developed an EMG-to-moment model based on the model of Amarantini and Martin 2 which used optimization procedures to estimate the contributions of the agonist and antagonist muscle groups to the net joint moment during dynamic tasks. The design of this model made it suitable for clinical applications without requiring a large number of experimental steps. However, from the EMG data of selected leg muscles, the muscle contraction dynamics was introduced by linear momentangle and moment-velocity relationships without introducing the electromechanical delay during the EMG processing contrary to the approach taken by other models. 4, 10 Another more complex EMG-driven model developed by Buchanan et al. 4 allows one to estimate the force produced by each muscle incorporating more physiological and mechanical muscle properties that will be briefly presented. First, within the ''muscle activation dynamics'' step, 40 the muscle activation was estimated from the EMG data with the introduction of the EMD. Then, muscle anthropometric data (length and velocity of muscle fibers and muscle-tendon moment arms) which directly influence the moment production capacity, were estimated from an anatomical model. Muscle forces were deduced from a Hilltype model with experimentally obtained force-length and force-velocity relationships. 13, 16 This model led to a very good moment predictions, thus increasing the confidence in the results. 26 Nevertheless, the complexity of the model and the large number of required calibration steps could be detrimental for use in clinical studies. The choice of a model to estimate the muscle (or muscle group) moments strongly depends on its application. For clinicians, the model should be easy to implement 32 without neglecting muscle physiological properties. 4 The estimation of muscle force by EMG-driven models was often restricted to either isometric 21, 24 or dynamic tasks 9,31 but few models were tested during both isometric and dynamic conditions (only during calibration process 26 ). Given that the knowledge of muscle moments could be crucial for clinicians, the model should be implemented for any type of contraction (i.e., isometric, concentric, and eccentric).
The purpose of the present study was to develop an EMG-to-moment optimization model for use in clinical studies to estimate the contributions of agonist and antagonist muscle groups to the net joint moment for isometric and dynamic conditions, using the ankle joint as example. To this aim, the proposed model used the approach of Rao et al. 32 with notable changes. These improvements were made to include realistic muscle properties in order to provide a model that can be implemented over a wide range of contractions (i.e., isometric, concentric, and eccentric) without increasing the number of experimental steps. Especially, the electromechanical delay and a force-length-velocity relationship with anthropometric data were incorporated as inputs. After the model calibration process, we examined the ability of model to predict net joint moments across various tasks. The proposed EMG-tomoment model calibrated on eight dynamic and isometric tasks (Model 8-tasks), and on two dynamic tasks (Model 2-tasks) was compared to the approach of Rao et al. 32 calibrated on two dynamic tasks.
METHODS

Subjects
Ten healthy males (age 25.3 ± 2.4 years, body mass 74.6 ± 9.1 kg, height 1.76 ± 0.04 m) participated in this study. The protocol of this study was approved by the University Review Board and all participants gave informed written consent.
Experimental Design and Acquisition
Subjects stood with their right foot on a force platform and performed three ankle plantar flexion maximum isometric voluntary contractions (MIVC) during 5 s with a rest time of 2 min between each trial. Verbal encouragement was provided to obtain maximal effort during MIVC. This task was chosen only to obtain their maximal voluntary force used as reference for the next conditions. After MIVC, subjects then performed 2 sets of 8 tasks: three series of isometric contractions (1-2) 15 sinusoidal oscillations (between 10-30% and 30-50% of maximal voluntary force (MVF)) at a rate of 1 Hz, (3) ramp increase in force (0-60% MVF in 5 s) and as dynamic tasks, 15 cycles of heel-raise (rise up and down on toes) at a rate of 1 Hz, each under two configurations, seated and standing. The first set of tasks was used to calibrate models, while the second set was used to evaluate the models by predicting net joint moment. For isometric tasks, subjects had a visual feedback of the vertical ground reaction force and were asked to follow a target displayed on a computer screen. The subject position was fixed using a rigid experimental apparatus designed to minimize movements of individual body segments (Fig. 1) . The isometric condition was defined as a fixed-end contraction where the muscle-tendon complex was held at constant length. These tasks were chosen to encompass a wide range of contractile conditions 26 while being suitable for clinical testing. All testing procedures were performed on a force platform (AMTI, Model BP6001200, Watertown, USA) that recorded ground reaction forces at 1560 Hz. Kinematic data were recorded synchronously by six-camera VICON (Vicon Motion System, Lake Forest, CA) at 120 Hz tracking 12 markers attached to the fifth and first metatarsal heads, the calcaneum, the lateral and medial malleoli, the fibula head, the lateral and medial condyles of the femur, the greater trochanter only for the right leg, and the right and left anterior superior iliac spines and the sacrum. A fourthorder, zero-lag Butterworth filter was used on raw kinematic and dynamic (i.e., ground reaction forces) data with a 6 and 10 Hz cut-off frequency, respectively. EMG signals were recorded at 2000 Hz (MP150, Biopac System Inc., Goleta, CA, gain = 5000, CMRR = 100 db, bandwidth = 10-500 Hz, power line frequency = 50 Hz) using Ag/Ag-Cl bipolar surface electrodes (EL503, Biopac System Inc., Goleta, CA) placed over the muscles with a 2 cm inter-electrodes distance according to recommendations of the SENIAM group. 15 The tibialis anterior was chosen to represent the ankle dorsiflexor group (DF) while the gastrocnemius lateralis, the gastrocnemius medialis and the soleus represented the ankle plantar flexor group (PF). These muscles were chosen as they represented the main actuators in dorsi/plantar flexion movements at the ankle joint. 12 
Data Processing
Using OpenSim (Simtk, Standford, USA), a generic lower limb anatomical model including bones and four musculotendon actuators (tibialis anterior, gastrocnemius lateralis, gastrocnemius medialis, and soleus) was developed based on the work of Delp et al. 6 First, the generic model was scaled to match the anthropometric characteristics of each individual subject using the kinematic data obtained during static upright standing. The coordinates of each marker were then used as input to estimate muscle fiber lengths and flexionextension moment arms for each trial (more information in Delp et al.
5
). The muscle fiber velocity was obtained by time differentiating the muscle fiber length obtained previously.
The ankle net joint moment (M) was computed by solving the inverse dynamics problem using body segment parameter data 41 at each time step, t. The net joint moment was considered to be equal to the sum of the moments developed by the PF and DF muscle groups.
The MVIC tasks were used to estimate the EMD for each subject. The EMD was computed on MVIC trials FIGURE 1. Experimental apparatus used for the isometric conditions. Note that the subject was restrained (a) at the shoulder level for the upright position and (b) at the knee level for the seated position.
as the time difference between the onset of EMG activity filtered at 50 Hz and full wave rectified, and the onset of raw vertical force. These onsets were defined as the time instants where the signal was 2 SDs higher than the mean resting activity. 17, 25 In the current study, the EMD mean value was 83.6 ms (±18.0 ms). The EMD was taken into account by using a controlled temporal shift obtained from a forward Butterworth filter of specific order and cut-off frequency. 29 The approximate time delay introduced by a forward Butterworth filter for specific cut-off frequency and order values could be estimated. 29 In the modified model, the value of cut-off frequency was fixed at 2.5 Hz according to the recommendation of the Model Rao et al. (further named Model RAB). 32 Given the formulation given by Manal and Rose, 29 using a 2nd order filter the resulting temporal shift was 90 ms, close to the mean EMD found in this study. In order to be used in clinical settings, no normalization of the EMG data was necessary.
The cycles were selected based on the maximal values of the vertical force and ankle angle, respectively, for the isometric and dynamic tasks. The data points between 10 and 60% of MVF of a single ramp isometric contraction were normalized in time from 0 to 100% and used as input to the model. The remaining input data of model (i.e., kinematics, kinetics, EMG, moment arms, fiber lengths, and velocities) were normalized in time from 0 to 100% of the cycle duration and then averaged over 10 cycles after removing the first three and last two cycles. This was done to ensure the data were cyclical and not influenced by start-up and winding-down effects. In addition, this resulting number of cycles was sufficient to obtain reliable EMG data. 37 All data were re-sampled to obtain 25 points for each task.
Model Descriptions
First, the EMG-to-moment optimization model developed in this study to estimate the contribution of agonist and antagonist muscle groups to the net joint moment will be presented. This model includes electromechanical delay during EMG processing as well as a force-length-velocity relationship combined with anthropometric data (muscle fiber length, muscle fiber velocity, and moment arm of muscle-tendon complex) and further represented by a single variable " / i ðtÞ: This model was based on the approach described by Rao et al. 32 Thus, in a second part, the model of Rao et al.
32
will be described.
The EMG-to-moment model developed in this study, gave the following optimization problem: find, a i , w i (t), and G l with i = {TA, GL, GM, SL} and l = {DF, PF} that minimized:
where:M
subject to:
In Eq. (1),M represents the net joint moment estimated by the model, while M is the moment computed from inverse dynamics. In Eq. (2) rEMG i (t) is the fullwave rectified, filtered and temporally shifted EMG of each muscle (Forward Butterworth, 2nd order, 2.5 Hz cut-off frequency). For each muscle, the constant a i represents the linear relationship between EMG and moment in isometric condition. w i (t) represents the relative contribution of each muscle to the total moment of muscle group. Opposite to the other adjustable parameters (a i and G l ), the w i (t) parameter was optimized for each task. G l represents the gain of each muscle group, and allows for adapting the maximal isometric force for each subject. 3, 13 The positive or negative sign defines the muscle action: according to our convention, M DF is positive and M PF is negative. " / i ðtÞ represents the moment production capacity of each muscle depending on its specific length, velocity, and moment arm (Eq. 4).
where " c i ðtÞ represents the normalized capacity of muscle force production (Eq. 4) and " d i ðtÞ the normalized moment arm. For each muscle, the moment arm values at each time t were normalized by the maximum moment arm value in the range of ankle active motion (À35°and 22°, with 0°= neutral position and positive = DF). where " fðl i ðtÞÞ stands for the active force depending on the muscle fiber length 13 and " fðv i ðtÞÞ stands for the normalized force depending on the muscle fiber velocity. 34 The active force length relationship was normalized between 0 and 1 while the force-velocity curve evolved between 0 (maximal concentric contraction) and 1.8 (maximal eccentric contraction). Considering the ankle range of motion, the passive contribution of the force-length relationship was low. 33 Moreover, the muscles studied (gastrocnemius lateralis, gastrocnemius medialis, soleus, and tibialis anterior) presented a high ratio between the tendon length (tendon and aponeurosis) and muscle fiber length. Thus, the passive force due to the parallel elastic component of Hill-type model could be neglected. 41 The corresponding variable ð" c i ðtÞÞ could be represented as a 3D surface with normalized force production capacity depending on fiber length and velocity.
The model developed in this study was based on the one described by Rao et al. 32 Only a brief description of this model is given here.
The contributions of the agonist and antagonist muscle groups to the net joint moment were estimated by solving the following optimization problem: find a i ; w i ðtÞ; b j ; and d j with i = {TA, GL, GM, SL} and j = {a, k} that minimize:
with:M
In Eq. (6), rEMG i represents the EMG signals of the major muscles filtered by a zero-lag filter (Butterworth, 4th order, 2.5 Hz cut-off frequency). The momentangle and the moment-velocity effects are represented by two constants, b and d, for each joint (j), with a and k representing the ankle and knee joints, respectively. Change in angle (Dh j ) and angular velocity ð _ h j Þ were computed for the ankle and knee joints according to Van Diee¨n and Visser. 39 The biarticularity of the gastrocnemius muscles is taken into account by the matrix E. 
Calibration and Prediction Process
In order to be used to predict the contribution of agonist and antagonist muscle groups to the net joint moment, the model first had to be calibrated. A summary of the parameters used in the present study is presented in Table 1 . The calibration process on both isometric and dynamic tasks could not be achieved for the Model RAB. Thus, in order to compare the Model RAB and the modified model, two different calibrations were performed. First, the modified model was calibrated using eight tasks (further named Model 8-tasks); isometric sinusoidal contractions across two ranges of force, one isometric ramp and one dynamic heel-raise task, each performed in two configurations, seated and standing. Then, the modified model (named Model 2-tasks) as well as the Model RAB were calibrated for the two dynamic heel-raise tasks only. The optimization procedure was solved using a Sequential Quadratic Programming method (Matlab Optimization Toolbox).
Once the calibration process was successfully completed, the second set of tasks was used to predict the net joint moments over several tasks. These data combined with the set of optimized parameters obtained after the calibration phase were used to compute the ankle net joint moment. Model 8-tasks was used for moment predictions on all eight tasks. Model 2-tasks as well as the Model RAB were used to predict moments for the two dynamic tasks.
Data Analysis
A coefficient of determination (R 2 ) was used to indicate the linear relationship between the predicted moment and the moment computed by inverse dynamic for the corresponding task. A Root Mean Square value (Eq. 9) was also computed to indicate the magnitude of the errors 26 over each models (i.e., the Model RAB vs. Model 8-tasks vs. Model 2-tasks).
where n represents the number of sample.
Statistics
Two-factor (muscle and position) Analysis of Variance (ANOVA) with repeated measures was conducted on mean values of " / i ðtÞ averaged across both isometric and dynamic tasks and amplitude (max value-min value) values of " / i ðtÞ obtained on dynamic task only. Indeed, concerning the amplitude of " / i ðtÞ; this value was null for the isometric condition since there was no joint movement.
All following parameters were averaged across seated and standing positions. Following the calibration step, a two-factor (model and muscle) ANOVA was conducted on the muscle gain (a i ). Concerning the ability of moment prediction, a one-factor (model) ANOVA was used to compare the mean value of RMS error and R 2 averaged across tasks for the different models.
The outputs of the different models were the contributions of the plantar flexor and dorsiflexor muscle groups to the net joint moment, M PF and M DF , respectively. One-factor (model) ANOVA was conducted on the mean value of these variables estimated for the two dynamic tasks. A significance level of 0.05 was used for all comparisons and Newman-Keuls posthoc testing was used whenever necessary.
RESULTS
Model Input
For all conditions, the ankle joint angles ranged from 22.4°(±7.0°) to À26.4°(±7.6°) where 0°was neutral position. For the seated position, the mean value of the knee joint angle was (91.0°± 7.6°) and (5.9°± 5.9°) in the upright position where 0°was full extension.
A muscle effect (F 3,57 = 55.43; p < 0.05) for the mean value of the moment production capacity, ( " / m i variable) was found (Fig. 2) . A position effect ( Normalized moment arm x Muscle 0 < " d i ðtÞ < 1 FIGURE 2. Mean value of the variable / representing the capacity of muscle moment production for all muscles estimated from a generic force-length-velocity relationship and experimental data. and * indicate significant effects (p < 0.05) of the position and muscle factors, respectively.
Model Calibration
For Model 8-tasks, the calibration process for each subject was performed on eight tasks (i.e., isometric sinusoidal contraction (two ranges of forces), isometric ramp and dynamic heel-raise in two positions) while the Model RAB and Model 2-tasks were calibrated using only two dynamic tasks. ANOVAs indicated significant effects of model and muscle factors on muscle gain (a). Post-hoc tests indicated that the values from Model 8-tasks (modified model calibrated on eight tasks) were higher than the values of the Model 2-tasks and Model RAB calibrated on two dynamic tasks. In addition, post-hoc tests indicated that the smallest gain was the tibialis anterior and the highest was the soleus. Both gastrocnemius lateralis and medialis were different from tibialis anterior and soleus.
Model Prediction
For the dynamic tasks the different models predicted different net joint moments (Fig. 3) . Concerning the moment prediction of the different models on dynamic tasks, an ANOVA indicated a significant (F 2,18 = 14.06; p < 0.05) effect of model factor on R 2 values averaged of seated and standing tasks. Post-hoc tests indicated the R 2 values for the Model RAB (0.28 ± 0.24) were smaller than those of the modified model calibrated on two (0.53 ± 0.25) and eight tasks (0.46 ± 0.25). No significant effect of model was obtained on RMS error (F 2,18 = 0.93; p < 0.05).
The modified model was able to predict net moments at the ankle for a single subject across all isometric tasks (Fig. 4) . On both dynamic and isometric tasks, Model 8-tasks predicted net joint moment with a mean RMS error of 6.11 (±4.41 N m) and a mean R 2 of 0.67 (±0.26) ( Table 2) .
Estimation of the Contributions of the Plantar Flexor and Dorsiflexor Muscle Groups to the Net Joint Moment
The contributions of the plantar flexor and dorsiflexor muscle groups to the net joint moment were significantly different between the Model 8-tasks, calibrated on all eight tasks, and both Model 2-tasks and Model RAB, which were calibrated on two dynamic tasks only (F 2,18 = 13.95; p < 0.05 for the dorsiflexor and 
DISCUSSION
The aim of this study was to develop a method for the clinicians to estimate the contributions of the agonist and antagonist muscle groups to the net ankle joint moment during both isometric and dynamic muscle contractions. The proposed model was designed to be applicable for clinical studies through the use of reduced and various experimental tasks without reducing the physiological correctness. From Model RAB, 32 improvements were made to better account for physiologic phenomenon such as the electromechanical delay, and the non-linear forcelength-velocity relationship and moment arm. The influence of these physiological changes on the moment prediction ability of the model was shown by an increase in R 2 values. Following a calibration procedure, the modified model (Model 8-tasks and Model 2-tasks) was able to predict joint moments, and showed better prediction capacities than the Model RAB. Concerning the net joint moment prediction capabilities on both dynamic and isometric conditions, the modified model showed similar results compared to the previous studies that aimed at estimating the contributions of individual muscles or opposing muscle groups to the net joint moment. The accuracy of this model for net joint moment prediction was within the range of other studies 9, 21, 24 where RMS error were among the lowest values (6.1 ± 4.4 N m). The mean value for the coefficient of determination (R 2 ) was 0.64 over all tasks, and when considering the isometric tasks only, the R 2 value (0.74) was similar to Laursen et al. 24 and in the range of results presented by Kellis and Katis. 21 However, the ability to predict net moment remained lower than results obtained by Lloyd and Besier 26 with R 2 values of 0.91. These differences could be explained by a more complete description of the physiological process responsible of force production in the EMGdriven model proposed by Lloyd and Besier. 26 Indeed, there is a trade-off between physiological correctness and improved accuracy, but it comes at the expense of making it more difficult to implement in a clinical setting.
The improved predictive ability of the modified model (Model 8-tasks and Model 2-tasks) compared to the Model RAB could result from the inclusion of additional physiological muscle properties. First, several models incorporated the EMD either by a recursive filter 4 or a single pass filter 10 whereas in the Model RAB, a zero-lag filter was used to remove the temporal shift introduced by filtering. In this study, the mean value of EMD was 83.6 ms and similar results were obtained for knee flexors 30 and arm muscles. 20 The EMD could depend on several factors such as muscle stiffness, 14 the tendon slack length, 30 and the computation method, 17 highlighting the importance of taking differences into account when estimating the EMD. In the present study, EMD was estimated and introduced during EMG processing according to the method described by Manal and Rose 29 without adding complexity to the model implementation. The second improvement of the modified model was the integration of a non-linear force-length-velocity relationship 13, 34 with subject specific anthropometric data as input (muscles fiber lengths, muscle fiber velocities, and moment arms). All these parameters were introduced using a single parameter representing the capacity of muscle moment production. We found that the corresponding values for the gastrocnemii were smaller in the seated position than in the upright position and that soleus values were higher than the gastrocnemii in the seated position. These results were in agreement with other studies 19, 27 that indicated the ability of gastrocnemii force production was reduced for knee flexion angles above 90°. In the modified model, the use of an anatomical model to determine the muscle fiber lengths and moment arms allows one to take into account more accurately the influences of different joint angles and subject's differences on muscle-tendon characteristics.
The influence of the types of calibration tasks has been shown on the model parameters. The a factor was significantly different between the Model 8-tasks and the Model 2-tasks. Moreover, the modified model calibrated on eight tasks (Model 8-tasks) and only on two dynamic tasks (Model 2-tasks) showed differences in the estimations of the contributions of the dorsiflexor and plantar flexor muscle groups to the net joint moment. Indeed, M DF which represented the contribution of antagonist muscle group to the net joint moment was lower when the models were calibrated on dynamic tasks only (Model 2-tasks and Model RAB). These results showed that the estimation of contribution of agonist and antagonist muscle groups to the net joint moment was sensitive to the choice of muscle contraction types used for the calibration process (i.e., isometric and dynamic vs. dynamic only). Since the same muscle properties were used, different outputs could only be explained by the use of different calibration tasks with the calibration tasks used for the Model 8-tasks encompassing larger range of conditions compared to the Model 2-tasks. The use of various tasks seems to reduce the solution space for the adjustable model parameters. This assumption is strongly supported by previous articles. Indeed, Lloyd and Besier 26 argued that the use of large type of contractions and condition allows reducing the solution space for the optimized parameters to operate within physiological limits. This point is particularly seen in the current model when looking at the alpha factor that represents the isometric EMG-moment relationship. This parameter could be estimated using a constrained non-linear optimization scheme whatever the calibration tasks, even using dynamic tasks only as in the Model 2-tasks case. From our results, when alpha was estimated on dynamic tasks only, the value differed from calibration on isometric and dynamic tasks. The use of additional isometric tasks modified the estimation of the optimized parameters. As one of the tasks used in the calibration process was purely isometric for the Model 8-tasks, the resulting alpha parameter should be more representative of an EMGmoment relationship in isometric. Thus, we hypothesized that the use of dynamic tasks only seems to under-estimate the antagonist muscle group contribution to the net joint moment. The use of limited set of tasks (i.e., dynamic) could be detrimental to the correctness of the estimates of the contributions of the muscle groups to the net joint moment. As reported by Doorenbosch and Harlaar 10 for the EMG-force model to be successfully implemented as a clinical tool, the model has to be applied and evaluated for estimation muscle force for a wider range of muscular performances such as the model 8-tasks than just one type of contractions. Many studies use only isometric 21, 23 or isokinetic 9 calibration tasks. This study highlighted the importance of encompassing many different conditions during the calibration process, as recommended by Lloyd and Besier. 26 Increasing the number and types of calibration tasks may help the optimized parameters to be more representative of all the existing conditions of movement production. Thus, we chose to calibrate our model on both isometric and dynamic tasks with two extreme joint positions: seated and upright. Different angles at the knee joint were motivated by taking the two bi-articular muscles into account. Moreover, using the fewest number of calibration trials (isometric and dynamic) is a requirement for the models to be used in clinical settings. While Kellis and Katis calibrated and validated their model on 54 contractions, 21 this study used only eight trials to calibrate the model and eight to predict muscle moments. The limited number of calibration trials seems convenient for use of this model in clinical studies where patients are involved.
The eight tasks used in this study were either at a high frequency of 1 Hz or either at near 0 Hz for the ramp condition. The Model 8-tasks spans two extremes frequencies with good prediction. It would be interesting for further studies to test the model across different intermediate frequencies (such as walking with different speed, running) in order to validate this model as generalizable for any task.
One limitation of the present model is that the passive moment of muscle fibers due to the parallel elastic component of Hill-type model is neglected. This passive moment could probably be attributed to the elastic properties of the connective tissues between the muscle fibers, endomysium and epimysium 18 and intrafibrillar proteins such as titin. 7 Considering the range of ankle motion we hypothesized that these passive components were unsolicited. In addition, the ratio between the tendon length and muscle fiber length of the studied muscles is high, so the parallel elastic component could be neglected in regard to the compliance of the series component. 41 To implement the model on other tasks where the parallel elastic component is more likely to play a role, the passive force-length relationship should be modified. In addition, the modified model in its current form could be applied to any single DOF joint, but would need additional development for higher DOF joints. The estimation of contribution of agonist and antagonist muscle groups to the net joint moment are required to compute the co-contraction level. 40 This variable could not be estimated only from EMG because the muscle moment production depends on other factors such as force-length-velocity relationship and the moment arm of the muscle-tendon complex. The model proposed in this study allows taking into account these muscle properties to estimate the muscle groups contribution. The co-contraction level provides crucial information for clinicians to understand how the nervous system deals with the muscular redundancy for patients. Patients with musculoskeletal or neurologic disorders would use different muscle recruitment patterns from healthy subjects and could exhibit co-contraction levels different than healthy people. For example, the EMG-to-moment model presented in this study could be used to investigate the functional recovery following surgical treatment of Achilles' tendon rupture by a longitudinal study combined with other biomechanical parameters. 8 Compared to existing neuromusculoskeletal tracking models, 36 one key point of the proposed model relies on the fact that the muscle activation patterns could be taken into account using EMG data as input to estimate the contribution of the agonist/antagonist muscle groups to the net joint moment. Moreover, and whereas patients are usually unable to perform maximum voluntary contractions, the EMG-to-moment model developed in this study did not need MVIC to normalize EMG data compared to other studies, 21 improving the accessibility of our model for clinical settings.
CONCLUSION
The proposed EMG-to-moment model was developed in order to be suitable for clinical studies. The physiological correctness incorporated in the proposed model concerned the electromechanical delay and a non-linear force-length-velocity relationship with subject's specific anthropometric data as input. Significant improvements in moment predictions across isometric and dynamic tasks were found relative to the Model RAB. The choice of different types of muscle contraction used for the calibration process influenced the estimation of the contributions of agonist and antagonist muscle groups to the net joint moment. From our results, the use of various calibration tasks (i.e., isometric and dynamic) allows to be more confident in the estimation of the contribution of the muscle groups to the net joint moment. The resulting solution seems to be more within physiological limits. The proposed model is simpler than others and therefore may be more suitable for clinical studies. From this model, the contribution of agonist-antagonist muscle groups to the net joint moment could be estimated as well as the co-contraction index around a joint. 40 This information could be crucial when the biologic system is altered by musculoskeletal or neurologic disorders.
